In engineering practice, it is often necessary to increase the effectiveness of existing protective constructions for ports and coasts (i. e. breakwaters) by extending their configuration, because existing configurations don't provide the appropriate environmental conditions. That extension task can be considered as an optimisation problem. In the paper, the multi-objective evolutionary approach for the breakwaters optimisation is proposed. Also, a greedy heuristic is implemented and included to algorithm, that allows achieving the appropriate solution faster. The task of the identification of the attached breakwaters optimal variant that provides the safe ship parking and manoeuvring in large Black Sea Port of Sochi has been used as a case study. The results of the experiments demonstrated the possibility to apply the proposed multi-objective evolutionary approach in real-world engineering problems. It allows identifying the Pareto-optimal set of the possible configuration, which can be analysed by decision makers and used for final construction.
INTRODUCTION
To identify the optimal breakwater layout for a specific problem, the decision maker (that usually is a strong expert in the field) should propose or choose the configuration which best matches the set of cost and quality criteria [1] . In most cases, the decision maker tries to find the solution based on previous experience and the subject area knowledge. This problem is often considered as a minimisation of the risks [2] , [3] during the coastal structures life cycle.
However, the optimal design problem is difficult for expert analysis, especially in the case of high-dimensional problems, because the expert should take into account all objective functions, problem constraints and check a large number of new construction configurations to find a near-optimal solution. Therefore, the intelligent optimisation methods (e.g. evolutionary algorithms) are widely used for this task [4] . Also, the involvement of the numerical metocean models make it possible to simulate the local environmental conditions for different layouts of the protective constructions and obtain the values of quality metrics for proposed configuration.
The existing approaches to this task and similar structural optimisation problems are considered in Section 2. In Section 3, the formulation of the breakwater optimisation task as a multi-objective optimisation problem is described. It includes several objective functions and constraints. Also, this section includes the description of the SWAN wind-wave arXiv:2004.03010v1 [cs.NE] 6 Apr 2020 model's configuration for the port water area that is used for wave height estimation. Several implemented evolutionary approaches are presented in Section 4. Section 5 includes the description of the experiments' setup and the experimental results for the breakwaters layout optimisation in the Sea Port of Sochi as a case study. Finally, conclusions and future plans are presented in Section 6.
RELATED WORK
Each particular optimal design problem has a lot of peculiarities, and it is necessary to take them into account during the algorithm developing process. However, it is useful to create some generalized approach which could be applied for a broad range of breakwaters' optimisation problems and could provide the opportunity to select the optimisation objectives and constraints for different real-world cases. The correct selection of objective function and constraints is the main part of the considered optimisation problem-solving process. There are a lot of objectives and constraints that can be involved. The comprehensive survey of constraints and criteria that can be taken into attention in problems of optimal harbor's design identification and improvement is provided in [5] .
Usually, authors simplify the analysed problem to find a solution faster, because time and computational resources are strictly limited in many cases. Thus, in [6] , a genetic optimisation approach for the design of small detached breakwaters with three segments is used. It considers wave disturbance inside the port and ship manoeuvring constraints. In [7] the two-segment breakwater was optimised using an evolutionary algorithm in the strictly restricted range of spatial coordinates, directly transformed to a numerical chromosome. A wave disturbance constraint was added to the fitness function. Also, two other constraints related to breakwater geometry characteristics have been taken into account. Decisions with unsatisfactory geometry characteristics (incorrect angle between two segments or undesired location) are discarded during optimisation. In both papers, each segment of the breakwater is presented in the chromosome using the end coordinates.
Besides the spatial coordinates of breakwater's segments, there are other breakwater characteristics that can be optimised. For example, in [8] and [9] , the structural parameters of the double-layered breakwater were optimised using multiobjective genetic algorithms. In the first case, three parameters of a compound breakwater were optimised: porosities of each breakwater wall and the gap between them, in the second case five parameters such as porosities of the upper part of the wall for each breakwater layer, the relative depths of submergence of upper parts of these walls into the water and the relative gap between the vertical walls. Optimisation problem statement combines two conflicting objectives: maximisation of the wave energy dissipation coefficient and minimisation of the material volume in the breakwater in the first case. The second case also combined conflicting wave reflection and wave transmission objectives.
It is noticed that a lot of marine optimisation engineering problems can be solved more reliably using multi-objective optimisation approaches. Thus, in [10] , the authors compared five different optimisation approaches, including evolutionary algorithms, to optimise the layout of an offshore windfarm. A fitness function is based on a trade-off between maximum energy production on the farm and minimum cost. A similar problem was solved in [11] for the array of tidal turbine generators. To reduce the computational cost of simulations, the surrogate model was used during optimisation. The optimisation of fairway design parameters was considered in [12] . In [13] , a genetic algorithm was used for the selection of optimal structural parameters for the gas terminal layout. The genetic chromosome representation is based on nine different characteristics describing the certain terminal configuration. The fitness function includes three objectives (capital cost, maintenance cost and vessel downtime due to waves) which are simultaneously minimised. The proposed algorithm allows finding a few configurations that are better than the design obtained using the traditional approach and decreases the cost by a factor of 30.
However, the described approaches are tested mostly for specific simplified cases. The proposed algorithms are aimed to resolve low-dimension tasks with a short chromosome, that can describe the real harbour constructions only in a coarse way. For that reason, it is useful to develop the multi-objective approach for the breakwater optimisation and validate it with a real-world test case.
PROBLEM STATEMENT

Breakwater design as optimisation task
The extension of existing breakwaters' configuration can be separated into several aspects: the selection of the attached segments number, the attachment points' location for the new segments, the spatial area for defence and coordinates of control points. These variables can be involved in the optimisation problem, but they can also be defined in the preliminary step by the economic and engineering criteria and then considered as static. The optimal design task for this case is presented in figure 1. The problem of breakwater design identification can be formulated as multi-objective function optimisation in the space of structural parameters of breakwaters and written as:
where G(•) is an operator for multiobjective transformation to a function F for a given structural parameters set θ, H j is the wave height objective function for certain control points, C is the objective function for construction cost, N is objective function for manoeuvring safety, Y is the environmental characteristics simulation results.
There are additional objectives exists that can be taken into account during optimisation using the proposed approach (the implemented software architecture allow to specify the custom objective functions set). For example, the resonant periods associated with eigenfrequencies in the port area can be calculated to estimate the possibility of harbor seiches' occurrence. However, the experimental studies in this paper are based on the objectives described in subsection 3.3.
Structural parameterisation
There are various parameterisation approaches that can be used to represent the optimisable structure in the most efficient way [14] . The breakwaters' layout can be represented as a grid with binary (solid/wet) values in each cell; as a set of absolute or relative spatial (Cartesian) coordinates; as parameters of approximating function (polynomial or spline). The most widely used approach for breakwater structure representation -Cartesian encoding -has several disadvantages for numerical optimisation. This encoding does not allow to modify the length and direction of the breakwater segment separately [15] . So, it is not convenient to "rotate" the part of a breakwater to an optimal angle using crossover or mutation operators of the genetic algorithm.
To resolve this issue, the modified approach based on encoding in relative polar coordinates is proposed. Since the transformation of Cartesian coordinates to polar ones is objective, there is no structural simplification in this step (the relative position of each segment is still represented by two numerical values -angle and direction instead of X and Y values for Cartesian coordinates). However, the evolutionary transformations of a polar chromosome can be implemented in a more effective way. The Cartesian and angular chromosomes are represented in figure 2.
Objective functions
The correct selection of the objective functions is an important part of the formalisation of the real-world breakwater design issue to the optimisation problem. As it noted in [5] , there are a lot of various criteria (environmental, hydrodynamical, mechanical, economical, manoeuvring, etc.) that should be taken into attention during the decision-making process. However, to construct the objective function, it is necessary to implement the algorithm for their numerical evaluation. To evaluate the metric for the navigational objective, the complex port simulation model [16] or the ship path model [17] can be used. Cost objectives can be based on probabilistic economic models [18] . Also, the additional penalty for the complexity of solution (e.g. number of segments with non-zero length) can be involved, but usually, the cost objective takes it into account in a non-direct way)
In a frame of proposed multi-objective evolutionary algorithms, several objectives are used. They are described in table 1. In addition to the main objectives (cost, navigational, and wave height-based), structural constraints were added. They restrict the generation of unrealistic solutions (self-crossing and land-covering breakwaters) during the evolutionary optimisation because such configurations can cause unstable behaviour of the wind-wave model.
The value of cost objective is directly proportional to summary breakwaters' length:
where n is a number of breakwaters' segments, s is a grid step.
The value of the wave height objective is a vector of significant wave heights h in control points (where m is the number of control points):
The navigational objectives are evaluated by a simple geometrical model described in figure 3 and written as:
where n 1 is a number of breakwaters, n 2 is a number of breakwater points, n 3 -number of fairway points, and p b and p f are breakwater and fairway points.
Relative value of each objective type is calculated as: where t is a number of objectives.
The objective function for the single-objective optimization approach is presented as the following convolution of objectives:
This function combines all objectives to achieve the best relative quality of obtained solutions.
Wave simulation
The analysis of the effectiveness of a specific breakwater layout requires the corresponding numerical simulation of met-ocean conditions for the proposed harbour design. The numerical models of wind-wave interaction allow calculating the wave characteristics based on depth, wind direction and constructions configuration in the harbour. A common approach is to use the third-generation wind-wave model for this purpose. According to the community experience [19] , the spectral wind-wave model SWAN [20] was used to reproduce the integral wave characteristics in the desired area. Numerical simulation was performed on a regular grid with cell size 25x25m. The parameters of extreme storms were used as a boundary conditions for simulation. The spatial structure of breakwaters' configurations was represented using obstacles (the reflection coefficients was set differently for the solid wall and tetrapod breakwaters).
The simulations were run for each breakwaters' configuration generated by the evolutionary algorithm. The estimation of the wave height was carried out in several control points.
The simultaneous reproduction of the reflection and diffraction effects inside harbor by the SWAN model is quite limited [21] . However, the better simulation of the diffraction effect can be achieved by modification of the model as described in [22] .
The scheme of interaction between the evolutionary algorithm and the SWAN model in the frame of the described optimisation task is presented in figure 4 . 
EVOLUTIONARY APPROACHES TO THE BREAKWATER OPTIMISATION 4.1 Multi-and single-objective evolutionary optimisation
Evolutionary algorithms (EA) are population-based methods for global search that especially demonstrate their advantages over classical optimization approaches in multi-objective and multi-dimension optimization problems. In addition, this class of algorithms can easily be adapted to the problem at hand. In this study, the multi-objective approach -the Strength Pareto Evolutionary Algorithm (SPEA2) and the single-objective evolutionary approach -Differential evolution (DE) are used for solving the multi-objective breakwaters optimization problem.
The selection of parents is the first stage of evolutionary optimisation, then, the crossover and mutation of selected individuals are performed. The main difference between using multi-objective and single-objective genetic algorithms consists in the parents' selection strategy and the fitness evaluation strategy. Tournament selection is used in singleobjective DE and the fitness function is defined as the combination of all optimisation criteria (objectives described in Section 3). The multi-objective approach uses the special type of selection adapted to multi-criteria problems and includes few steps (environmental selection and binary tournament selection). The crossover operator allows the individuals to interchange the genetic material. Thus the algorithm has an opportunity to combine effective breakwater's segments from different individuals. Figure 5 illustrates the crossover operator which is applied for the breakwater design problem with three attached segments. According to this concept, two selected parents swap genetic information between blocks created by chromosome separation at a randomly generated crossover point. In this implementation (pairwise crossover), the spatial coordinates (Cartesian or angular) belonging to the same breakwater's segment cannot be separated by a crossover point.
Mutation introduces random changes to chromosome genes that allow the algorithm to avoid local minima. The implemented mutation operator for breakwaters' chromosome is demonstrated in figure 6 . First, genes are selected with a certain mutation probability, then the randomly generated values obtained from normal distribution N (µ, σ 2 ) (µ and σ are set for each variable type) are added to genes that were selected on the previous stage.
Greedy evolutionary heuristics
The greedy algorithms perform a locally optimal choice at each optimisation stage in order to obtain global or local optimum in the end [23] . Greedy heuristics in evolutionary algorithms can be used to intensify the convergence and improve the quality of the obtained solutions [24] . The idea of a greedy evolutionary application for the breakwater optimisation is to separate the complex task of simultaneous optimisation of all breakwaters' segments to several stages of individual optimisations for each segment. The application of this concept for the breakwaters' optimal design task is presented in figure 7 . As far as it is necessary to validate the proposed evolutionary approach in the real-world case, the harbour of Sea Port of Sochi was selected as an experimental case study. The port is located in 43.58N, 39.71E (the coast of the Black Sea). The configuration of harbour and breakwaters are presented in figure 8 . As can be seen, there are two existing protection structures: the main breakwater attached to the coast and the additional detached breakwater.
The actual problem for this port is the events of strong pitching of moored ships caused by rare extreme weather conditions (storms). The proposed solution is to build additional breakwaters in addition to the existing one. It raises the task of optimal design identification. To use this task as a case study, we simplify it to make the experimental results of the algorithms validation more clear and interpretable. There are three static points for breakwaters' attachment. Each additional breakwater consists of two segments.
Experimental results
The plan of experiments consists of several stages: 1. Experimental validation of SOEA with angular and Cartesian encoding for the attached breakwaters optimisation problem; 2. Experimental validation of MOEA with both encoding for the same problem; 3. Estimation of a greedy heuristic for both algorithms. 4. Analysis of stability for obtained solutions.
During the optimisation, 30 generations with 30 individuals in each generation were examined. The figure 9 represents the example of Pareto fronts variability (for the multi-objective algorithm) for five independent runs. The values of the cost-based objective function and the averaged wave height objective function in different points were used to obtain 2-dimensional fronts for visualisation. It can be seen that the common pattern is the same, but not all non-dominating solutions are found during each run.
The hypervolume indicator is widely applied in the evaluation of MOEA effectiveness [25] and analysis of convergence. The figure 10 illustrates the variability of non-dominated hypervolume for five independent optimisation runs. Despite the fact that one of the runs converges not in the best-found value of the hypervolume, other runs achieved convergence in the same range.
The figure 12 represents the comparison of Pareto fronts for multi-objective and single-objective algorithm. It can be seen, that the multi-objective algorithm with Angular encoding provides a better set of non-dominated solutions. Also, angular encoding allows increasing of effectiveness of all examined algorithms. The impact of the greedy heuristic is not so clear from this figure, but it provides competitive results. The dependency of the hypervolume value from a number of wave model runs during evolution is presented in figure 13 for different approaches. It can be noted that the multi-objective algorithm with angular encoding allows finding better solutions in comparison with other algorithms. Also, it's clear that the greedy heuristic included in the algorithm makes it possible to obtain a competitive solution at early generations for an evolutionary algorithm. Finally, all variants of the single-objective algorithm demonstrate worse performance.
Several examples of simulations' results obtained from the Pareto front are presented in figure 11 . It can be seen that redundant segments are shrunk to zero length even without an additional structural complexity penalty. Since the optimisation approach is a Pareto-based, the breakwaters' configurations with different trade-offs between objective functions (mostly construction cost and wave height decrease) can be found it the final solutions set.
It should be noted that the choice of the most appropriate solution from the Pareto front is a complicated task [26] . The final decision should be based on an expert's experience, additional numerical and physical simulations and involvement of more detailed objectives.
CONCLUSIONS
In this paper, we formulate the task of breakwater layout optimal design identification as a computationally-intensive multi-objective optimisation problem. There are several evolutionary approaches validated using the Sochi port as a case study. The experiments were conducted with two different chromosome encodings (angular and Cartesian), two algorithms (single-objective differential evolution and multi-objective SPEA2). The multi-objective approach with angular chromosome encoding was selected as the most effective. Also, the effectiveness of greedy heuristics was evaluated as a part of the optimisation approach, and the faster convergence of the results set was obtained.
The source code of the implemented algorithms and software system used for experimental studies is available in the public repository (https://github.com/ITMO-NSS-team/breakwaters-evolutionary-optimisation).
The future extension of this research is planned as a generalisation of optimisation approaches to both attached and detached breakwaters, implementation of more realistic and detailed task cases, the involvement of additional synthetic and real-world test cases into experimental studies, and comparison of obtained configurations with expert solutions.
